Introduction
The latest decades have witnessed a rise in self-employment and small business ownership in most developed economies (Blanchflower, 2000; Steinmetz & Wright, 1989) . Much of public policy has been directed towards increasing the supply of entrepreneurs, most often measured as the number of self-employed or the numbers of businesses in an economy (Shane, 2009 ).
Parallel to this 'rise of the entrepreneurial economy' (Audretsch, 2009 ) scholars have noted a trend of accelerating income inequality and increasingly stratified unemployment (Atkinson, 2003; Autor, 2014; Goldthorpe, 2010) . This type of stratification is also apparent in research on entrepreneurship which highlights self-employment as a simultaneous source of enhanced income mobility for some, but a potential source of poverty for a large fraction of the selfemployed workforce (Åstebro, Chen, & Thompson, 2011) . This paper is motivated by these trends and addresses two orthogonal theoretical concerns in the literatures on entrepreneurship and economic inequality. First, while entrepreneurship constitutes a source of enhanced income mobility for some, the majority of entrepreneurs earn incomes lower than population average (Hamilton, 2000; Åstebro et al., 2011) . Work that probes the relationship between entrepreneurship and overall workforce income inequality however remains scant in the previous literature (Van Wright & Zahra, 2011) . Second, recent inequality research has furthered new types of models to decompose and problematize various sources of income inequality in modern economies (e.g. Cowell & Fiorio, 2011; Creedy & Hérault, 2011; Thewissen, Wang, & Van Vliet, 2013 ) but these models still lack attention to entrepreneurship as an increasingly common occupation. 1 This paper seeks to bridge these literatures by developing and empirically testing a model of the relationship between entrepreneurship and income inequality. We start by discussing the different ways in which entrepreneurship can contribute to overall income inequality. We then develop an econometric model that lets us decompose aggregate measures of income dispersion into its individual micro-level sources. Our empirical analysis departs from a subgroup decomposition analysis of income inequality using the Generalized-entropy index (GEindex), where we distinguish between workers (W) self-employed entrepreneurs (SE), and incorporated self-employed (ISE) (e.g. Åstebro & Tåg, 2015; Özcan, 2011) . These groups are likely to contribute to income inequality in differing ways. In tuning the GE-index to different segments of the income distribution, we are able to study inequality at different parts of the income distribution, and how they relate to SE and ISE. Our analysis also includes an integrated factor-source decomposition where we consider a number of explanatory variables to account for the inequality each of the groups respectively. This allows us to test how different explanatory variables relate to the within-group inequality, but also the extent to which the same group-specific explanatory variables individually relate to the total aggregate inequality (Cowell & Fiorio, 2011; Fields, 2003) .
We find that on average, SE entrepreneurs exhibit lower incomes than W and this type of entrepreneurship consequently increases inequality by way of a widening of the bottom-end of the distribution. ISE entrepreneurs on the other hand exhibit higher incomes than workers, augmenting inequality from the top end of the income distribution by way of enhancing the total number of high income earners in society. The combined contribution of entrepreneurship on aggregate income inequality accounts for between 20 and 30% of overall inequality, depending on the inequality measure. This finding, together with the increasing rates of entrepreneurship as an occupational category highlighting the importance to also consider this increasingly prevalent occupation in models of income decomposition (e.g. Cowell & Fiorio, 2011) .
1 At October 1 st 2010, the minimum equity required when forming an incorporated business was lower from 100 000 SEK to 50 000 SEK.
To the best of our knowledge, this paper is the first to assess the effects of entrepreneurship for income inequality using state-of-the art decomposition techniques. It also represents a first attempt at addressing the joint theoretical concern in the literatures on entrepreneurship and economic inequality, namely how changes in the relative number of entrepreneurs and their within-group income dispersion affect aggregate income dynamics in modern economies. Our methodology leans heavily on the Cowell and Fiorio (2011) , who shows how to decompose entropy-based inequality indexes using several sub-groups, in a regression framework.
estimating inequality both between and within each sub-group. This helps explain each group's contribution to overall inequality, providing a clearer picture of the group dynamics that drive inequality at the population level. Further, we are able to pinpoint the significance of each explanatory factor and its contribution to subgroup inequality.
Our paper is structured as follows: In the next section we outline the theoretical background and previous literature. Section 3 outlines the empirical strategy and the regression based decomposition method used to analyse the link between entrepreneurship and income inequality. Section 4 details the data used in the analysis, followed by the results section. The paper concludes with a discussion about the implications for public policy.
Entrepreneurship, income dynamics and inequality
It has been noted in the empirical literature that much of the entrepreneurship in modern economies does not take the form of growing productive firms, but rather increasing rates of self-employment (Sanandaji & Leeson, 2013; Stam, 2013; Steinmetz & Wright, 1989) .
However, research has been scant on the possible consequences of this in terms of income dispersion.
A substantial number of studies have investigated income differentials between employees and the self-employed. By and large, this literature has concluded that entrepreneurship for the most part results in earnings lower than comparable salaried work. For example, the wellcited papers by Blau (1987) , Borjas and Bronars (1989) and Evans and Leighton (1989) estimate earnings of the self-employed to be below those of workers, and -for the latter two studies -that the distribution of these earnings is considerably skewed downwards (i.e. skewed toward low-income earners). Similarly, in a paper addressing the same questions but instead comparing the returns to investment in U.S. non-publicly traded equity with public equity, Moskowitz and Vissing-Jorgensen (2002) identify a large public equity investment premium and similarly argue that entrepreneurship has overall poor returns.
More recent studies have furthered these findings, confirming that entrepreneurial earnings are below those of comparable salaried workers on average, but have added that the overall distribution of entrepreneurial earnings also comes with substantial 'fat' upward tails. Lin, Picot, and Yates (2000) , using data from the Canadian Survey of Labor and Income Dynamics (SLID) 1993-1994, address earnings differences at different quantiles of the earnings distribution and the extent and cyclicality of entry and exit into and out of entrepreneurship.
Their study shows that the mean income of the self-employed is about 20% lower than among comparable workers across the first four quantiles of the earnings distribution, but more than double that of employed workers in the top fifth quantile. Similarly, using monthly panel data on US male non-farm workers, 1983-1986, a well-cited study by Hamilton (2000) finds that most entrepreneurs persist in small businesses despite the fact that they have both lower initial earnings and lower earnings growth relative to employees. Estimating a median workerentrepreneur earnings differential of around 35 percent across industries, and ruling out the possibility of entrepreneurs on average being lower-ability individuals, the study suggests non-pecuniary benefits to be a likely explanation of both entrepreneurial entry and persistence. However, Hamilton also finds support for the "superstar hypothesis" -that entrepreneurial income at the very top of the earnings distribution is highly skewed upwards because of a relatively small number very successful high-productivity individuals -and cautions that this pattern is not captured in his estimates of median income differentials.
This outcome is also in line with results from Åstebro et al. (2011) and Levine and Rubinstein (2013) . In the first study, utilizing 1998-2004 panel data from the Korean Labor and Income Panel Study (KLIPS) to test their model of occupational choice, Åstebro et. al find that entrants into self-employment are drawn disproportionately from both tails of the earnings distribution. However, in contrast to the Hamilton (2000) study, Åstebro et. al also find that this reflects the distribution of ability in the workforce, where workers with above-average and below-average unobserved ability are more likely to engage in entrepreneurship. Levine and Rubinstein (2013) also provide evidence in line with this outcome. Using US data from the Current Population Survey, 1994-2010, which separates between salaried workers, the self-employed and incorporated entrepreneurs, they pinpoint determinants of the underlying sorting into these different types of employment, the differences in cognitive and noncognitive traits as well as their subsequent earnings. Levine and Rubinstein argue that earlier findings suggesting that entrepreneurs earn below the median income of salaried workers essentially reflects the fact that incorporated entrepreneurs are much fewer than the selfemployed, and that this latter group -that indeed do earn lower incomes -tend to dominate estimates of 'average outcomes' in earning equations comparing entrepreneurs to workers. In contrast, their results suggest that incorporated entrepreneurs have earnings of around 30% above salaried workers with comparable traits and skills, who in turn earn more than their self-employed counterparts. Similar to Åstebro et al. (2011) , they also find that these outcomes to a significant degree reflect ability (non-cognitive traits and cognitive skills).
Where some traits were common to both types of entrepreneurs (such as having been engaged in 'illicit activities' as teenagers and 'risky behaviour'), where the self-employed incorporated entrepreneurs on average scored higher in learning aptitude tests this did however not characterize the self-employed.
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Turning to studies that focus specifically of entrepreneurship and income inequality, we note a more scarce empirical literature which has tended to focus on the association between inequality within organizations and employees' transition to entrepreneurship. Rather than exploring possible links to workforce income dispersion per se, these studies have mostly focused on the conditions in which income dispersion within firms may represent a source of upward earnings mobility among individuals choosing to leave these firms for entrepreneurship (Carnahan, Agarwal, & Campbell, 2012; Sørensen & Sharkey, 2014) . The few available macro oriented studies however indicate that the greater the number of small firms in an economy, the more unequal is the earnings distribution in that economy (Davis, 2013; Fields & Yoo, 2000) . In terms of explanations for this pattern, the literature has mostly provided very broad structural patterns. For example, (Lippmann, Davis, & Aldrich, 2005) , provide cross-country evidence on the relationship between workforce income inequality and the rate of entrepreneurship using Global Entrepreneurship Monitor (GEM) data. They find 2 These results are also in line with work specifically focusing on necessity entrepreneurship. Necessity entrepreneurs are defined as those who have started their own firms "because they cannot find a suitable role in the world of work, creating a new business is their best available option" (Reynolds et al., 2005, p.217) . Recent data from the Global Entrepreneurship Monitor suggest that between 3 and 30 percent of all entrepreneurs in OECD countries fit this last category, with high fluctuations over time (Singer, Amoros, & Moska, 2014) . These necessity entrepreneurs have been shown to exhibit limited income mobility as well as low gains in individual productivity (Block & Wagner, 2010; Poschke, 2013) . that entrepreneurship rates are higher in countries with significant income inequality and discuss seven structural factors broadly associated with this pattern; level of economic development, government policies, foreign direct investment, service sector growth, increasing labor market flexibility, wealth transfer programs and variation in worker unionization.
To summarize, as for the literature on earnings differentials between salaried workers and entrepreneurs, rising levels of entrepreneurship has been suggested to potentially increase inequality by expanding the share of either top or bottom income earners in the workforce, or both. This possibility has however been indirectly inferred from equations of earning differentials between entrepreneurs and workers, and we do not know how entrepreneurship affects total inequality within the workforce taken as a whole. As for the literature using country comparisons to address the issue, this literature also suggest entrepreneurship as positively related to inequality, but is lacking in terms understanding of the dynamics involved, which parts of the income distribution that might be affected or how different types of entrepreneurship might affect the outcome.
Resolving this puzzle is vital if we are to provide any clear cut answer on the relationship between entrepreneurship and income inequality. This question forms the basis for our overall research question: How does entrepreneurship affect overall workforce income inequality?
Empirical strategy and method
To address the question of how entrepreneurship contribute to inequality, we distinguish selfbetween self-employed in a private business (SE) and self-employed in an incorporated business (ISE) to account for income both income trends observed among entrepreneurs. We also need to settle on an appropriate inequality measure. The most common inequality measure in the literature is the Gini coefficient (Akita, Lukman, & Yamada, 1999) . Its attractiveness comes from its simplicity and emphasis on the middle income ranges. Since our study encompasses income levels both in the bottom and top of the income distribution, we require a more comprehensive measure that can be used to gauge the differential contribution of L, SE, and ISE on the overall income distribution. For this purpose we use the Generalized Entropy index (GE-Index). It has two important advantages relative the Gini-index. One, is that it can be decomposed into several sub-groups, which allows us to study inequality among in each group separately to assess how much each group accounts for aggregate inequality.
Two, the GE-Index is defined as a function of a sensitivity parameter ∈ (−∞, ∞), which allows us to adjust the focus to specific parts of the income distribution. Thus, by choosing appropriate values on when computing the contribution to overall inequality from each of the sub-groups, we can discern which part of the income distribution that is mostly affected by each group. The lower value on , the more sensitive is the GE-index to dispersion in the lower parts of the income distribution, and conversely, the higher the level of the more sensitive it is to dispersion in the upper parts (Cowell, 2000) . We use the following subset of values of ∈ {−1, 0, 1,2}. Of particular interest is the relative contribution of SE and ISE to overall inequality when is tuned to either the bottom or top parts of the income distribution (i.e. ∈ {−1, 2} ), as compared to the middle parts of the income distribution ( ∈ {0,1} ).
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The formal definition of the GE index is as follows. Let = [ 1 … ] represent a vector of incomes for a total of individuals that are active in the labor market. The sample analogue of the GE-index can then be defined on the income vector as a function of by
The sum is taken over the -exponent of individual incomes ( = 1, … , ) weighted by the population's mean income ( ).
For = 2, the ( ; 2) index reduces to half the squared coefficient of variation, that is
, synonymous with the Hirschman-Herfindahl concentration index (Quintano, Castellano, & Regoli, 2005) . If → 1 or → 0 in the limit, the GE-index is identical to the Theil index and the mean log deviation (MLD). 4 When = −1, the index
( ; −1) tunes even more to the bottom income ranges, as it contains the expected value of 1/ .
Subgroup decomposition of the generalized entropy (GE) index
The additive property of the GE-index is crucial in evaluating the contributions from different subgroups for overall inequality. 5 Let's consider a total number of subgroups ( = 3 throughout this study). The GE-index can then be divided into two parts, one between-group part, ( ; ), and one within-group part ( ; ), that adds up to ( ; ), that is
Here ( ; ) is a weighted sum of the GE-index computed for each of the = 1, … , subgroups by
The weight is defined by = , with = / as a population weight and the mean- and Cowell, 2011) . Substituting the components of the weight into expression (3) and using (1) yields the following expression of total within-group inequality:
Expression (4) reflects the share of ( ; ) that results from income dispersion within each of the separate subgroups combined. Using the identity in eq. (2), and the expression for ( ; ) in eq. (4), the between part ( ; ) can easily be backed out to
.
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( ; ) is strictly decomposable indices because their between-group components measure the reduction in overall inequality when group means are equalized, keeping the within-group component constant.
Expression (5) measures the 'residual inequality' once within-group inequality is accounted for. 6 It accounts for the differences in mean incomes across the sub/groups. 7 Thus while within-part accounts for the dispersion in incomes among individuals in the group, the between-part accounts for difference in the mean income in the group compared to the mean income in the population. Note that sub-group decomposition in (4) and (5) allows for an alternative decomposition by defining the contribution to ( ; ) from individual group by
The first term in expression (6) reflect group 's part for between income dispersion and the second term its within part. By summing both sides of the expression over the groups we end up with population inequality ( ; ). Whenever we distinguish between a particular group's contribution to between and within inequality, it is this expression we rely on, if not mentioned otherwise.
Factor source decomposition of subgroup within inequality
In this section we turn to factor-source decomposition of inequality that often accompanies an analysis of sub-group decomposition. This enables one to assess how different income factors contribute to inequality. Traditionally, a factor source regards the income from a particular sources, for instance salaried income, capital income or transfer payments. We rely 6 The between part in eq. (5) is written slightly different here compared to e.g. Fiorio and Cowell (2011) , where the population weight is included within the square brackets as follows
). Although the two expressions are equivalent, it is not clear in using the above expression how to calculate the contribution to aggregate inequality from one particular group's between part since it leave a 'residual term' of
that also needs to be distributed among the groups. Expression (5) takes care of this directly.
extensively on the work of Fields (2003) and Fiorio and Cowell (2011) who develop a regression based framework that allows for a much wider set of possible sources that determines an individual's income and hence income inequality in a group or population. By applying a regression methodology to decomposition, this also establishes a direct link to research into the determinants of income using income regressions on the form given in eq.
(12) below.
Let income for individuals ( = 1, … , ) in subgroup ( = 1, … , ), be split into a sum of different factor sources, here components:
Provided that an inequality index denoted by ( ) satisfies six basic assumptions laid out by Shorrocks (1982, see appendix 1) , it can be decomposed into a sum of inequality components, here denoted by ( , ) for = 1, … , :
where refers to the k th income source for the j th group. In fact, provided the assumptions are fulfilled, this decomposition is invariant to the choice of inequality measure ( ) (Shorrocks, 1982) . To see this, define the share, i.e. the proportional contribution of to
Since 1 + 2 + ⋯ + = 1 by construction, multiplying through with ( ) shows that becomes a "loading" of the factor to the inequality ( ) given by,
For this class of inequality measures (the GE-index among them) the function can be furthermore written in terms of the covariance between the income component and total income divided by the variance of . Thus
This result comes from Shorrocks (1982) , and is key, first realized by Fields (2003) , to connect standard regression analysis with the a priori inequality decomposition methods.
Combining factor source decomposition with Mincer-type regression
Following Fields (2003), we consider a linear model of income for some individual in group by,
that includes a number of (potentially endogenous) explanatory variables and an error term.
Because of the linearity of regression equation in (7), it has the same form as the expression in equation (7), which means that a factor source decomposition of can be accomplished by mapping to in eq. (7).While the result in Fields (2003) are with respect to the full population, we keep with the sub-group indexation as in Fiorio and Cowell (2011) . By expanding the covariance we can see better how different parts of the regression equation
Starting with , the first term gives the direct contribution of , the second represents the contribution should be correlated with for ≠ other explanatory variables (multicollinearity), whereas the third term represents the variation due to endogeneity, i.e.
should the term be correlated with the residual term .
As for the share, which represents the contribution to inequality from the unobserved part of equation (12) in terms of the residual's direct contribution, and the variation resulting from any endogenous explanatory variables.
Since all direct contributions are squared, a necessary condition for to be negative is that is either correlated with at least one ( ≠ and hence multicolinear) or that is correlated with the error term and hence endogenous (Fiorio and Cowell, 2011 To find the point estimates of and , we simply run the appropriate regression on (nolog) income and collect the estimates. These are combine with information about covariance and correlation matrix, which is readily available, to form ̂ and ̂.
When it comes to the standard deviations of the estimates ̂ and ̂, Fiorio and Cowell (2011) suggests a bootstrapping procedure from the difficulty of computing analytical standard errors. Since the computation outlined in this section involves numerous separate computations, and in our case almost 2.5 million observations, bootstrapping becomes very time consuming. Fortunately, using a result in Bigotta, Krishnakumar, and Rani (2015, p.5, theorem 2) we can compute asymptotic standard error for based on the square root of the k th diagonal elements in the following covariance matrix Σ( ):
Here we dispense with the sub-group indexation, but Σ should here be understood to correspond to the regression of a particular sub-group. is a × identity matrix; ⨂, the Kronecker product; and , a 2 × selection matrix = [ 1 ⋯ ] , where is a × matrix of zeros and 1 on the k th diagonal entry. To calculate the 95% confidence interval for the k th factor, we use the k th diagonal element of Σ to form asymptotical standard errors with the formula:
Combining sub-group decomposition with factor-source decomposition
This section takes is based on Fiorio and Cowell (2011) which presents a unifying framework including both sub-group decomposition (Section 3.2) and factor-source decomposition (Section 3.3). From the fact that ( ) = ∑ ( )
, the inequality contribution from group given by eq. (6) can be written as
The term in the nominator refers to the parameters from a regression restricted to the individuals in sub-group , whereas the denominator gives the parameters from a regression on the full population. Except for the population shares that are calculated directly from the data, all information regarding the subgroup-factor-source decomposition are provided by regressing income on the set of explanatory variables in equation (18).
Data and descriptive statistics

Data
The empirical test for our model is based on microdata from Sweden for the years 2005 and 2013. The Swedish economy is traditionally characterized by one of the worlds' lowest rates of income inequality. However the growth in inequality between 1985 and the early 2010s
was the largest among all OECD countries, increasing by roughly one-third (OECD, 2015) .
During the same period the country has been characterized by increasing rates of entrepreneurship in the form of self-employment and newly registered firms, making Sweden an interesting case to probe the role of entrepreneurship for income inequality.
Our paper relies on data from LISA database which includes all individuals residing in Sweden aged 16 and older. The database is drawn from governmental registers and maintained for research purposes by Statistics Sweden. The data contains a wealth of demographic and income information and is generated from a number of sources, including individual tax statements, birthplace registries, and school records. This offers information on employment, industrial and occupational structures, and also tracks flows in the labor market.
While information on income dates back to 1990, the database does not include necessary data on entrepreneurial income and occupational data until more recently. In our analysis we therefore focus on two cross-sections, 2005 and 2013, the first and last years for which the LISA database includes comprehensive data on income and occupation. These two data points represent a full economic cycle and also allow us to include detailed data on disposable income that accounts for capital losses and income from active businesses, both available from 2005. Using the methodology described in the previous section, we can hereby account for both the level of inequality for each of these years, but also for any increase or decrease that occurs over the nine year period.
We sampled all individuals in the active work force between 25 and 65 years of age in the respective years for which labor market data is available. We also exclude individuals that are not associated with an employing organization such as sailors and seasonal workers. The sample that enters into the analysis comprise 3,530,060 individuals in 2005 and 3,678,212 individuals in 2013, representing the active Swedish workforce in the relevant age range.
This rich data further enables us to distinguish between two types of entrepreneurs. We differentiate between individuals that are self-employed (SE) in a private business from individuals that are self-employed in an incorporated firm (ISE) (Blanchflower, 2000) .
Consistent with government classifications, we define an entrepreneur as an individual who's main source of income comes from a company in which he or she has a majority ownership stake and works full time (Folta, Delmar, & Wennberg, 2010) .
To classify an individual into one of the three categories of workers, self-employed entrepreneurs or incorporated self-employed entrepreneurs we use information from three different sources. First, from where an individual derives the majority of her income. To compensate for the fact that business income is lower in terms of the ours spent working compared to workers, the reported business income is weighted by a factor of 1.6 in the classification.
Even though an individual may earn the majority of her income as an entrepreneur, it does not preclude that she has some alternative employment on the side. These so called "combinators"
are expunged from the category of SE and ISE to ensure that the income reported from correspond to business related income to as large extent as possible. In deciding whether or not to drop these combinators from the data or not, we ended up placing them in the category of workers. Last, we also have further information from RAMS about whether the entrepreneur consider herself as active, in the sense that she works at least 600 hours a year in her own business. Unless she reports that she is actively doing business individuals are put into the workers category.
This rather strict definition of what constitutes entrepreneurship may reduce the count of people in the SE and ISE category, but at least we can be fairly certain that they are full time entrepreneurs. We include two different income variables in our models: Market income refers to the sum of gross wage income + net income from an active business + capital income. The reason for using all three variables is that while SE entrepreneurs receive 100%
of their earnings in the form of 'net income from an active business', ISE entrepreneurs receive their earnings both as 'gross wage income' (from their own business) and 'capital income' (Alstadsaeter & Jacob, 2015; Edmark & Gordon, 2013) . We base all analyses on entrepreneurs' Market Income.
Disposable income is measured by Statistics Sweden by equalized disposable income, awarding different members of the household with potentially different consumption weights.
For each member of a family, his or hers personal disposable income is multiplied with an individual consumption weight, as calculated by Statistics Sweden, then divided by the family's total consumption weight. Disposable income contains factor incomes such as gross wage and business related income (net deficit) and net capital profits, as well as taxable (and non-taxable) transfers such as rehabilitation compensation, pensions, and child allowance, (e.g. housing benefits, social security, and study allowance). We use disposable income in a series of robustness tests (Appendix 2) to ascertain that our results are not tainted by the potential problem of tax evasion among entrepreneurs (Engström & Holmlund, 2009 ).
The analysis of income inequality abstracts from the top 1 % highest income earners, which skew the distribution of both market and disposable income. Although the recent literature has directed a significant interest at top income earners(see e.g. Quadrini, 1999; Roine & Waldenström, 2008) , including these into the regression analysis presents a challenge since they clearly violates the normality assumption. Since standard log-linear transformations that are estimated in Mincer type equations only allows for the decomposition of log income and not income in levels that we analyze in this paper, we have chosen to drop the individuals with highest 1% in market income and disposable income in either period. In addition to the two entrepreneurship variables, other explanatory variables included in the regression are age and age squared, job tenure and job tenure square, job changes and years of education (e.g. Folta et al., 2010; Yamauchi, 2001; Åstebro et al., 2011 We also control for local labor market (75 geographical regions) and industry (at the two digit NACE level) of the workplace where an individual works. Descriptive statistics for the complete sample as well as our two groups of entrepreneurs are presented below in Table 1 . two time periods, which is to be expected when working with large sample sizes. There are however some noteworthy differences, in particular looking at the average share of married/cohabiting individuals and the years of schooling. While the share of married and cohabiting individuals has decreased over the period in all groups, the sample average years of education has increased. This observations seem to hold for all groups.
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Both SE and ISE are predominately men with a higher average age of around 48 and 47 respectively compared to workers with an average age of 44. Table 1 also indicates average years of education increased somewhat for all groups from 2005 to 2013, however the group of SE entrepreneurs exhibit somewhat lower level of education than the worker as well as the ISE entrepreneurs in both periods (Robinson & Sexton, 1994) .
Turning our attention to descriptive statistics of aggregate inequality developments, Figure 1 shows Lorentz curves for market income inequality in 2005 and 2013, followed by Table 2 that displays a set of common inequality measures. The Lorentz curves show a slight inward shift between the two years, indicating that the overall dispersion of market income becomes less unequal over the period. While the outward change in overall income inequality appears small in Figure 1 , the inequality statistics in Table 2 Specifically, we show income percentile ratios and the generalized entropy index (GE-index)
at various percentiles and parts of the income distribution, together with the Gini index. Table 2 also contains the equivalent measures of inequality in market income for workers (W) in column (1) and (4), for SE entrepreneurs in columns 2 and 5 and for ISE entrepreneurs in columns 3 and 6. Beginning with workers, we actually see a slight decrees in inequality over the period almost across all inequality measures. The decrease may be slight, by nevertheless present. The exception is the percentile ratio p90/p50 that displayed a slight increase of 1.2 %.
Among SE entrepreneurs, we see somewhat disparate developments across different income distributions, with decreasing inequality registered the p90/p10, p90/p50 and p75/p25 ratios but increasing inequality for the p50/p10. This would suggest some form of contraction of top incomes, whereas bottom incomes became more dispersed. As for the different GE-indices, they suggest the same development of shifting inequality from the top to the bottom. At the extremes, GE(-1) increased by 41.26%, compared to GE(2) merely showed a decrease of 3.7%.
Among the ISE entrepreneurs, change in income inequality is strictly positive, across all indices. The magnitude appears to be around 3 to 4 % for most indicators. The largest increase, however, is found in the middle income ranges with a p75/25 of 5.9%, whereas the smallest increase seem to occur for p90/50 of less than 1 percent.
RESULTS
Sub-group decomposition of the GE-index
To investigate what lies behind the increasing levels inequality presented in Table 2 , we use the decomposability of the GE-index to disaggregate the inequality ( ; ) into between and within parts for the various sub-groups (L, SE, and ISE The term Λ ( ; ) here represents the contribution in percentage points to aggregate inequality from group 's between part and where Λ ( ; ) represents the group's contribution from its within part. The total contribution from a specific group is given by Λ( ; ). These calculations are presented for market income in Table 3 Note: The table shows the percentage contribution (1=100%) of the between and within inequality component from the sub-groups workers (W), self-employed (SE), and incorporated entrepreneurs (ISE). Separate contributions are calculated for the various GE-indices with = {−1,0,1,2}. The inequality levels for each of the subgroups are calculated using eq. (16) with the appropriate weights. These inequality levels differs from those presented in Table 2 that comprise raw calculations based on equation (1) applied to the restricted sample.
Looking at GE(-1), the total contribution to inequality from W, SE and ISE in terms of percent corresponds to 72.62%, 26.98% and 0.40%. Hence the majority of inequality when emphasizing the bottom parts of the income distribution comes from W. But considering their relatively small size of merely 3.98% (Table 1) , the contribution is sizable. At GE(-1) it is the within group of each group that account for almost all of inequality.
Turning the sensitivity parameter to higher levels of the income distribution, we see that entrepreneurs as a group, i.e. SE and ISE, explains a decreasing share of total inequality.
Beginning at 27.4 for GE(-1), it shrinks to 18.63% with GE(0), 4.98% with GE(1), and finally 3.6% with GE(2). As we gradually increase , there are two interesting tendencies that stands out. The first is that the between inequality term plays a more prominent role, which leads to the second property of a reversal between SE and ISE in terms of their total contribution to inequality. Although, their combined effect decreases with larger , ISE account for a larger share than SE for GE(1) and GE(2). At these measures the SE registers a total contribution of roughly -7.9%. whereas ISE registers a contribution with a size of 4%. The negative contribution of SE comes from the fact that the negative contribution from between inequality exeeds the amount of within inequality.
With one exception the same pattern is observed when we do the same decomposition for 2013, and that is the increasing share of SE when the GE(-1) index is used. This is a substantial change, indicating that the relative contribution of entrepreneurship compared to 
Regression estimates from factor sources of income inequality
The final step in our analysis concerns estimating the income equation based on the same sample and variables as in the decomposition analysis. Our regression model is based on equation (12) Table 5 for 2005 and in Table 6 for 2013. We use the type of OLS model specified by Fiorio and Cowell (2011) where each table shows both individual-level coefficients and aggregate results for each coefficient's proportional contribution to income inequality in column (4) to (6), and should not be interpreted causally. These estimates give the percentage contribution to the inequality ( ; ) of the combined "price" and "quantity" effect ̂( ), where ̂ is the estimated marginal effect and ( ) the mean of explanatory variable ( = 1, … , ).
In addition to the explanatory variables outlined in Section 4, each regression is fitted with three sets of dummy variables that capture fixed effects at the regional (75 local labor market areas), industry (10 categories for two-digit NACE level) and individuals' occupational types (113 categories for ISCO-88) within the respective sub-groups. In presenting the contribution of these fixed effects, individual contributions from the respective set are added up to yield a singular value. (14). These estimates are provided in the bottom row of each Table and shows how much of the variance in income inequality that cannot be attributed to the factor sources investigated.
Importantly, represents the raw contribution to inequality computed for a particular subgroup. Since each group varies in size, this means that needs to be reweighted to assess the contribution to aggregate inequality, Λ( ; ). 10 Focusing on the within-group inequality component shown to account for most of aggregate inequality, is then scaled by:
where is the weight function defined in connection to expression (3). The different weight schemes computed for ( ; ) with sensitivity parameters = {−1,0,1,2} are presented in Table 4 . The aggregate inequality variance applies to all inequality indices, not solely to the various GE-indices, provided the basic assumptions in Shorrocks (1982) are satisfied (see Appendix 1). In order to investigate the contribution to aggregate inequality of a particular explanatory variable in a specific subgroup, one needs to specify a given index in order to define the scaling function.
Regression models of income inequality in 2005
Beginning with inequality the year 2005, Table 5 shows separate regression models of the main contributors to within-group inequality for the three groups: W, SE and ISE. Columns 1-3 display Mincer-type estimates (OLS) regressing our explanatory variables on individuals' market income, while columns 4-6 shows the effects of the same explanatory variables for overall income inequality in each specific group. Almost all variables are found statistically significant in the regressions, which is not unsurprising given the large number of observations. Regardless of subgroup, three variables stand out as the major contributors to inequality. These are Years of education, Gender (1=Male), and Age. Years of education shows large marginal effect in the individual-level estimates 84.810 for workers (W), which corresponds to a 8 481 SEK(€913) higher yearly income for each additional year of education.
Among SE and ISE entrepreneurs, each additional year translates into a higher income of 3 562 SEK(€384) and 10 473 SEK(€1 129), respectively. Although ISE showed the largest marginal effect of education, inspecting the proportional contributions of education for overall income inequality in each groups (Columns 4-6), we observe another pattern, namely, that Education contributes the most to inequality among workers with 4.46%, whereas for SE only 0.338% for SE entrepreneurs, and with 3.92% for the group of ISE entrepreneurs. As much as these results inform us about the contribution to the inequality of ( , ), it remains to compute their estimated contribution to aggregate inequality, that is to ( , ). To gauge the contribution of each explanatory variable for overall income inequality we compute their estimated contribution based on the Theil index of ( , 1) with weights from Table 4 and the GE-index values from Table 3 Once multiplied with the weight, we find that education among workers accounts for 3.96% of Λ ( ; 1), 0.02% for SE entrepreneurs, and for 0.1% for ISE. 11 Although, education among SE and ISE accounts for a sizable portion of 11 The reason for Λ ( ; 1) instead of Λ( ; 1), is that we focus on the decomposition of within-group inequality. Strictly speaking since ( ) is also contained in Λ ( ; 1), the decomposition results in the regression analysis does only account for the contribution of ( ) to Λ( ; 1) via Λ ( ; 1). Given the that groups within-inequality, the contribution of differences in education level within these groups to aggregate income inequality naturally drops because of these groups being comparatively small compared to W. What is more, to know the total contribution of an explanatory variable to aggregate inequality, we can simply add the weighted contributions of that variable from all groups. For Years of education, this amounts to 4.08% (out of 100%).
Turning to the gender variable that takes the value of 1 if the individual is male and 0 otherwise, we find the largest marginal effect for all groups. Among workers it appears that men on average earn 50 263 SEK (€ 5 028) more than the average woman. 12 The gender income difference is smaller for SE of 33 363 SEK (€ 3 595), as with ISE with a difference of 48 867 SEK (€5 266). The proportional contributions of gender to within-group inequality is even more pronounced for workers, with 6.48% for W compared to the 2.09% for SE and 1.72% for ISE. Rescaled as contributions to aggregate within-inequality Λ ( ; 1), the gender composition of each group contributes with 5.76% from W, 0.13% from SE, and 0.04% from ISE. We can also add these last percentage-point contributions to get the total workforce inequality contribution attributable to gender differences in income. Doing this, we find that gender accounts for 5.93% out of total aggregate inequality.
13
Table 5 also shows that while age is positively associated with incomes for both W and ISE it is negatively associated for SE (Yamauchi, 2001) . Using the scaling factor we see that the total contribution of Age to income inequality in each group amounts to 0.94% for W, −0.01% for SE, and −0.00% for ISE. From adding the scaled contributions we get the total contribution from Age-squared to Λ ( ; 1), which amounts to 0.93%.
Before comparing the same results for the regression in the 2013 sample, it is worth mentioning the fixed effects, and the model fit. Among the fixed effects included in we see in columns 4-6 of Table 5 that the occupational fixed effects accounts for the highest share of inequality in each sub-group. The variance in income across occupations accounts for 21.26%
for W and if scaled it amounts to 22.22% of Λ ( ; 1).
comparatively small contribution of Λ ( ; 1) to Λ( ; 1), however, the impact from any particular ( ) on Λ ( ; 1) is almost negligible and therefore left out when presenting the results.
12 The large gender income gap may be partly attributed to women more often working part-time.
13 Strictly speaking, the total contribution of 4.99% from Gender refers to the aggregate within inequality of Λ ( ; 1) = 98.3%, and not to the 100% that corresponds to Λ( ; 1).
An important reason for why we find larger contributions in the group of workers can be seen from the R2 value, which shows that the empirical model explains 42% of the variance in income for W. High R2 values are common in mincer-type earnings equations (Robinson & Sexton, 1994) . For the SE and ISE entrepreneurs however, R2 amounts to 13.3%, and 13.9%, partly reflecting the no inclusion of occupational fixed effects for the entrepreneurial groups.
This means that the residual contribution to within group inequality as captured by the error term in the model, is comparatively large for entrepreneurs. One reason for this difference is empirical in that the higher variance in market income among these groups compared to workers leads to lower explanatory power in OLS models. Another reason may be theoretical in that income among entrepreneurs is known to be more affected by unobserved ability than among workers (Åstebro et al., 2011) The contribution of the error term for overall income inequality within groups is presented in the bottom row in columns (4) to (6), and accounts for 57.7% for the inequality within W, which for SE amounts to 86.7%, and for ISE 86.1%. Since the residual enters the model just as any other explanatory variable we can also compute the total contribution to aggregate inequality Λ ( ; 1) from in expression (12), which amounts to 60%.
Changes in inequality over time, 2005 -2013
By repeating the empirical analysis for a later period we are able to investigate changes in the determinants of inequality between the two time periods. Table 6 presents identical models to those of Table 5 Starting with education, in W it accounts for 3,38% of aggregate inequality, compared to
Years of education among SE and ISE that contributes by 0.004% and 0,07%. As a total, considering the effect from education across all groups it accounts for 3.38% of aggregate inequality. Since education accounted for 4.08% in 2005, the results for 2013 suggest that education as a means to explain the development of income inequality has declined.
A similar development seems to have occurred if we consider the age and gender variable, which appears to be lesser correlates of income inequality in 2013 compared to 2005. The percentage contribution from the gender variables 3.59% for W, 0.09% for SE, and 0.03% for ISE, which adds up to 3.71% in total. For Age, we have 1.56 for W, -0.01% for SE and -0.01% for ISE, which together amount to 1.54%.
One explanation to this particular development can be located at the bottom row of Table 6 .
For each of the groups, we see that the part of the variance in income that is not explained by the model has increased, which directly impacts the size of the estimates for the partial contributions . providing an interesting case to probe the role of entrepreneurship for income inequality. At the same time, the rate of necessity entrepreneurs in Sweden remains low (Singer et al., 2014) , meaning that our results are of limited risk of being severely affected by workers being forced into entrepreneurship due to lack of alternative employment opportunities. By tuning the GEindex to different segments of the income distribution, we find across a range of specifications that the self-employed entrepreneurs seem to increases workforce inequality by way of a widening of the bottom-end of the distribution. Incorporated entrepreneurs more modestly increases workforce inequality by increasing the total number of high income earners in society. The aggregate effects of both types of entrepreneurship for overall workforce income inequality are similar in magnitude to more conventional factors such as relative educational group size, suggesting that entrepreneurship do not represent an exclusive explanation for the rising income inequality in contemporary economies. This finding is of value for entrepreneurship research discussing the role of entrepreneurship for economic development (Lippmann et al., 2005; Shane, 2009 ).
To the best of our knowledge, this paper is the first to assess the effects of entrepreneurship for income inequality using state-of-the art decomposition techniques. By decomposing entropy-based inequality indexes by several sub-groups and estimating inequality both between and within each sub-group, our model provides a clearer picture of the group dynamics that drive inequality at the population level. Further, we are able to pinpoint the significance of each explanatory factor and its contribution to subgroup inequality. Selfemployed (SE) and incorporated entrepreneurs (ISE) do contribution to workforce income inequality but in different ways, and the relative importance of entrepreneurship for overall income inequality seems to have increased. This suggests that inequality scholars could benefit from including entrepreneurship in their analyses of workforce inequality in various settings.
Our model and results also comes with limitations that could be extended and probed by future research efforts. Specifically, after the abolition of wealth taxation in Sweden in 2005, the microdata do not include measures of wealth. Future research could expand on our model by examining wealth inequality instead of income inequality, as prior studies suggest that entrepreneurship is a key element to understand wealth concentration (Buera, 2009; Quadrini, 1999) . Further, the decomposition techniques utilized do not lend themselves to causal interpretations in that they are driven by both within-workforce shifts in occupational categories and changes in income dispersion within those categories. Future research could benefit from using regulatory changes or other quasi experimental settings to gauge causal relationship between rates of entrepreneurship and levels of income inequality (Kerr & Nanda, 2009 ).
Appendix 1: The Shorrocks' assumption for income decomposition
Shorrock's (1982) six assumptions for computing inequality measures has for long been central in the literature (Bigotta et al., 2015) . The six assumptions posits inequality as a function ( ) and are listed below: In Tables A3 and Figure A1 we present the same decomposition as in Table 3 and Figure (1=100%) of the between and within inequality component from the sub-groups workers, SE, and ISE. Separate contributions are calculated for the various GE-indices with = {−1,0,1,2}. The inequality levels for each of the subgroups are calculated using eq. (16) with the appropriate weights. These inequality levels differs from those presented in Table 2 that comprise raw calculations based on equation (1) The next three tables replicates tables 4-6 in the main paper using disposable income instead of market income. Again, we use the method of Fiorio and Cowell (2011) to decompose within group inequality Λ ( ; ) to a number of explanatory variables (factor sources). 
